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15, 30, and 60 [Figure 5B, part (i)], while 
the absolute counting differences between 
the manual and automated counting were 
0.5, 1, and 2—equal to 3.33%, 3.33%, and 
3.33% respectively [Figure 5B, part (ii)].

Overall, the counting difference 
between the two methods ranged 0.5–2 
cells/well. The proposed method performed 
robustly; however, as a typical pattern 
recognition problem, there were some 
misdetections in the counting results. To 
compare the counting methods, two differ-
ences are defined. The original difference is 
the average cell difference per well, which 
is obtained by summing up the automatic-
manual counting differences for all wells 
and dividing the sum by the number of 
wells. In contrast, the absolute difference 
is computed by summing up the absolute 
automatic-manual counting differences 
for all wells and dividing the sum by the 
number of wells (Figure 5). Two possible 
sources for cell counting differences are 
as follows. First; manual cell counting 
results—though considered accurate—are 
subjective, may vary from person to person, 
and are prone to error [Q9]. Therefore, we 
used the term ‘cell counting difference’, (i.e., 
the difference between the two methods), 
in place of ‘cell counting error.’ Second; 
the red image is used for both dead-cell 
counting and well detection by applying 
cell and well templates respectively. Since 

well boundary responds strongly to the cell 
template and causes a  significant number 
of false detections, a slightly smaller well 
diameter has been used, which does omit 
dead cells that are located close or attached 
to the well boundary [Q10].

It can be seen in Figure 4 that the cell 
counting difference is higher (10–13.3%) for 
200-µm wells with 0.5–2 million cells/mL 
concentrations where the average number 
of seeded cells per well is low (5–15). In 
such cases, the effect of missing dead 
cells (considering smaller well diameter 
to encircle and count dead cells as it was 
mentioned earlier) in comparison with the 
average number of seeded cells was signif-
icant. Increasing the well diameter and 
cell concentration increases the precision 
of automatic cell counting (3.33%); the 
the inf luence of missing dead cells in 
comparison with the average number of 
seeded cells was insignificant.

Moreover, we compared the proposed 
Arraycount method with ImageJ. We 
wrote a plug-in for ImageJ using the ImageJ 
macro language. The macro can be installed 
in and used with ImageJ (version 1.41o). 
The major differences between Array-
count and the ImageJ macro be summa-
rized as following. The ImageJ macro 
allows semi-automatic cell counting, but it 
is not capable of automatic well detection. 
Using the ImageJ plug-in, the user must 

provide prior information such as the 
number of microwells in a matrix format 
(i.e., the number of rows and the number 
of columns). Moreover the user must 
provide the coordinates of three microwells 
including the top left, the top right, and 
the bottom left by drawing them. In this 
way, ImageJ plugin merely calculates the 
well coordinates based on information 
that is introduced by the user. In contrast, 
Arraycount is based on pattern recog-
nition and image processing techniques 
for automatic detection of microwells, and 
does not need input information such as 
the number of microwells and their coordi-
nates. Arraycount can also be used in batch 
mode (by writing a simple MatLab script), 
which allows continuous cell counting in 
many images, without user interference. 
Contrastly, in ImageJ, the user has to do 
the counting image by image. Overall, 
the ImageJ plug-in is adequate for small 
numbers of array images, while Arraycount 
is useful for large amounts of data in high-
throughput screening [Q11].

Discussion
This study establishes an approach for 
automatic cell counting in microarray 
format. The proposed method can be used 
to automatically recognize the location of 
each microwell on the microarray and then 
give the cell counts for each microwell in 
a timely fashion. It takes <0.1 s to detect 
a well and count its seeded cells. The 
proposed method, in ist current stage, is 
capable of localizing the specific microwells 
and cell type that have been used in our 
experiments; however, with reasonable 
efforts it can be adapted to count other 
cell types seeded in microwells with 
arbitrary shapes. In our experiments, the 
cells were fluorescent and the images were 
taken immediately after cell seeding, so the 
shape of the cells were shown to be round 
and uniform across the microwells; thus, 
it should be stressed that the proposed 
algorithm is efficient and accurate for 
counting cells where such conditions 
(roundness, uniformity) are maintained. 
It can potentially be used for stem cell 
research, but it has not been tested for 
counting cells in stem cell aggregates [Q12]. 
In the experiments that involve cell aggre-
gates, in conditions where neighboring 
cells significantly overlap with each other, 
or in conditions where cell morphology 
may change, the cell counting is prone to 
error and it may not be desirable to use this 
method [Q13].

In the proposed algorithm we assumed 
that cells are f luorescent, so in situa-
tions where the user needs to distinguish 

Figure 5. Software and manual counting comparisons for the number of cells per well. (A) 200-μm 
diameter microwells. (B) 400-μm diameter microwells. The cell number per well counts from soft-
ware and manual counting methods are shown in panel A, part (i) and panel B, part (i), at 3 initial 
seeding concentrations. The differences of the counting were shown in panel A, part (ii) and panel 
B, part (ii), respectively, where the averages were calculated either by subtracting manual counts 
from software counts (original), or by subtracting manual counts from software counts the absolute 
and taking the average of their absolute values (absolute).[Q18]
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features across cells such as antibody-
stained microwells, it is not desirable to 
use the same fluorescence range, otherwise 
the results will prone to error. Also, in 
cases where the red stain spills outside of 
the microwells, the well detection would 
not be accurate due to the occlusion of well 
boundaries with the red stain in the red 
image.

Moreover, we assume uniform spatial 
i l lumination during imaging that 
sometimes may not be maintained. In 
such cases for precise cell counting and 
well detection, background estimation/
subtraction must be applied in advance. 
Our future work focuses on employing 
the machine learning techniques to select 
or generate the appropriate cell and well 
templates using a template library.
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